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Abstract  
Mental healthcare today represents a serious global challenge with not enough resources to allow for 
adequate patient support. As a result, many turn to the Internet for help, where mental health forums 
have become a rich resource of experiences shared by millions of users. This study applies aspect-
based sentiment analysis on mental health forum posts in order to examine user sentiment regarding 
different mental health treatments. We shed light into the practices used by affected individuals to 
cope with mental issues and generate possible treatment recommendations. 
Keywords: text mining, mental health, sentiment analysis, big data 
1 Introduction 
Mental health today has become a global issue. The World Health Organization reports that around a 
quarter of all years lived in disability is owed to mental disorders such as depression, bipolar disorder, 
or substance abuse, to name a few. Each year, around 800,000 persons in the world commit suicide, 
making it the second leading cause of death among 15-29 year-old individuals globally (Suicide data, 
2017). Regardless of these numbers, with 60 countries reporting the availability of less than one psy-
chiatrist per 100,000 population (Mathers, 2008), the number of mental healthcare professionals is not 
nearly enough in order to adequately address the needs of all those seeking help (Kauer et. al., 2014). 
Of those affected, many are unable to afford professional mental healthcare, as it also happens to be 
the costliest medical condition to treat (Saleem et. al, 2012). Professional psychological help usually 
requires patients to undergo expensive and time-consuming clinical tests and in-person interviews 
(Weathers et. al, 2001). In the US alone, providing mental healthcare costs $200 billion a year (Roeh-
rig, 2016), thus causing also a burden on healthcare planners and providers. Finally, regardless of their 
personal financial situation, many affected individuals would not even consider professional mental 
healthcare because of fear of stigma and peer rejection (Crabtree et. al., 2010). 
As a result of the state of the global mental healthcare system, more and more people turn to the Inter-
net in a bid to get the help they need rapidly, affordably, and anonymously. Online forums devoted to 
mental health discussions are growing. In the US alone, 80% of those with Internet access use it to get 
health-related information, and 34% of those look up specifically personal stories from other users 
(Malmasi et. al., 2016). Forums are free of charge and open for anyone to join discussions, share expe-
riences, provide answers, or ask their own questions. Users flock to forums thanks to the anonymity of 
the Internet, the ease of use, as well as the convenience of time and location independence 
(Kummervold et. al, 2002). Users feel that forum participation is a rewarding experience because it 
makes them feel as part of a group; they get the chance to share the burden of living with a certain 
condition, connect to others with similar experiences, and learn from others’ successes and mistakes 
(Eysenbach et. Al, 2004). It is a place that demands low investment, but participation can prove very 
rewarding. 
Health forums prove to be an obligatory source of information for mental health related questions, as 
even when people do visit a medical professional, they still participate in forum discussions nonethe-
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less (Kummervold et. al, 2002). Even more importantly, the age distribution of forum participants 
suggests that as digital natives grow up, online forums will become even more relevant in the future 
(Kummervold et. al, 2002). Online tools such as the forums have the potential to become a tool to ad-
dress the shortcomings of the mental healthcare system and the ever-growing number of people look-
ing for help. 
Past studies show that users are more honest and more prone to sharing personal stories online (Barak 
& Gluck-Ofri, 2007). The data within the forum discussions is therefore a valuable source of infor-
mation to researchers wishing to understand more about people suffering from certain conditions. 
2 Motivation and Design 
This study makes use of user posts on online forums about mental health and tries to makes sense of 
what users talk about – namely, how individuals suffering from different conditions express them-
selves about various topics that can have a positive influence on their condition, e.g. therapy, doctors, 
meditation, or sports. The goal of the study is to produce a cross-condition comparison of the senti-
ments expressed for these concepts. For that goal we employ aspect-based sentiment analysis based on 
linguistic modelling techniques for natural language. 
Natural language data are both very valuable and difficult to process because of their inherent lack of 
structure and formality. Text mining and processing large volumes of forum posts requires construct-
ing a sophisticated data processing pipeline which can identify complex grammar structures and word 
interactions within a specific language, as well as having the capacity to discern different emotional 
nuances in words and phrases (Saleem et. al, 2012). Such analyses are time-consuming and require 
much computing time and power. This paper combines the application of state-of-the-art NLP tech-
niques onto a large dataset with a novel research question in order to advance our understanding of 
mental health experiences and provide recommendations to enhance future treatment approaches. 
The rest of the paper is ordered as follows: Section 2 presents a detailed review of research into online 
mental health interactions, focusing specifically on the use of sentiment analysis and NLP techniques. 
Section 3 presents the methodology of the study and the data used. Section 4 presents the analysis re-
sults. Section 5 summarizes findings and limitations, as well as suggests next steps. 
3 Literature Review 
Research into the use of online mental health spaces represents a recent effort which is gaining more 
and more traction as the Internet becomes an important space for mental health information and com-
munication. Even though participation in forums is not a replacement for therapy, the goal of therapy 
is to induce a positive change in behaviour, and there is already evidence that usage of online mental 
health aids such as forums, social media, or chatbots, leads to changes in behaviour. A few studies 
show that both online aids with and without medical professionals’ participation can lead to compara-
tively effective results, particularly in the cases of alcoholism (Riper et. al., 2014), smoking (Aveyard 
et. al, 2012), anxiety (Cuijpers et. al., 2009), and PTSD (Kuester et. al., 2016). 
In terms of research methods, researchers have frequently employed manual techniques as tools to an-
alyze forum conversations, such as forum user surveys or discourse analysis on a small sample of user 
posts. Recently, automated text mining techniques such as sentiment analysis and NLP have also been 
applied. Thematically, research subjects vary from classifying post helpfulness to measuring and com-
paring sentiment, to identifying the presence of specific content in single posts. Previous studies find 
online communities generally helpful for various mental conditions. Johnsen et. al. (2002) use human 
readers to classify mental-health forum interactions as either helpful or unhelpful. While using human 
readers is regarded as a reliable analytical tool, human processing speed limits the amount of posts that 
can be processed in the analysis – in this case to only 102, which is why automated analysis is recently 
introduced as a way to take advantage of available big data sets. Specifically regarding sentiment 
analysis, even though it has been established as a reliable technique, there are still very few papers 
using the method in the context of online mental health forums. A fundamental effort by Nguyen et. al. 
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(2014) compares the sentiment expressed on depression forums with sentiment on non-depression fo-
rums, showing that individuals who are not depressed generally express themselves more positively. 
Thus the study directly supports the use of sentiment analysis (SA) as a viable tool in analysing mental 
health forums. SA has also been applied in pharmacovigilance, or the identification of adverse drug 
effects, by automatically identifying medications with negative opinions on social media (Korkont-
zelos et. al. 2016) – thus granting researchers the possibility to explore drug effects over a large and 
diverse population. The study is also an important step in using text mining to detect possible negative 
effects of treatments that might generally be considered safe. Further uses of SA in mental health fo-
rums include monitoring the influence of social media messages on potential behavioural changes. 
Namely, through the application of sentiment analysis, Cobb et. al. (2013) showed that positively dis-
cussing certain actions which lead to quit smoking will lead to social media users actually implement-
ing these actions in real life, a testament to the influence that online user-to-user communication has 
on people’s life choices. Wang et. al. (2013) used SA as a classification tool to identify if a user has a 
certain condition – such studies may lead to future development of automated online diagnostic tools 
(Saleem et. Al, 2012). 
Coppersmith et. al. (2015) show that the presence of positive emotion is not an indicator for the pres-
ence of a mental health condition. On the other hand, expressing a variety of negative emotions can be 
an indicator for all of the conditions examined in this study. Furthermore, through an analysis of social 
media messages, De Choudhury et. al. (2013) also show that the positive or negative affect of written 
language is one of the best language features to predict depression. 
More recent studies have begun focusing on determining beneficial practices for specific conditions by 
applying content and topic analysis. Spijkerman et. al. (2016) demonstrated the benefits of meditation 
and mindfulness practices delivered online for people suffering from depression and anxiety by utiliz-
ing manual assessment. A similar study investigates the perception that cannabis can successfully treat 
ADHD – by using human coders to analyse natural text, it shows that 25% of ADHD users who have 
self-medicated with cannabis reported positive experiences (Mitchell et. al., 2016). As it can be seen, 
many of these efforts rely on manual assessment, which presupposes working with limited-size da-
tasets. Automated NLP has also been applied in mental health forum analysis to research diverse top-
ics such as the presence and effects of stigmatizing individuals with mental health conditions, efforts 
to automatically identify suicide ideations (with the goal of timely intervention and eventual preven-
tion), topic modelling, and identifying specific emotions within user posts (Calvo et. al., 2017). Many 
of these efforts have focused on Twitter, where posts are limited to 140 characters. In terms of data 
size, the research field has yet to make proper use of the large amount of data available online. John-
sen et. al. (2002) used only a small sample of a one-month dataset to be processed and analysed by 
human readers. Mitchell et. al. (2016) uses only 55 threads and 401 posts altogether. 
To the best of our knowledge, there exist no previous studies which have attempted to create a cross-
condition comparison of potentially helpful treatments for mental health via aspect-based sentiment 
analysis. Previous studies also tend to focus on single conditions or specific features, while the goal of 
our study is to compare several features across several conditions. 
4 Dataset and Methodology 
We use aspect-based sentiment analysis (ABSA) to determine the sentiment forum users express on 
various aspects or concepts such as family or doctors, which can potentially help them on their path to 
healing. SA can be subject-dependent and subject-independent (Wang et. al., 2013). A subject-
independent SA measures the sentiment of chunks of text, e.g. a sentence or a post. On the other hand, 
subject-dependent SA measures the sentiment expressed regarding a particular subject. The latter is 
also known as ABSA and is based on parsing natural text through linguistic NLP dependency parsers 
that match subject words with other words that directly describe or relay a quality of the subject 
words. For example, after parsing a simple sentence such as “These apples are green”, an NLP de-
pendency parser would return the pair (apples, green), where “apples” is recognized as the subject, and 
“green” as the descriptive word. 
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Figure 1.  Analysis Procedure 
In this study, our subject words are all words connected to a concept whose sentiment we want to 
measure, as seen in (Wang et. al., 2013) and other studies. The concepts we measure SA for are fami-
ly, medications, therapy, pets, sports, and meditation. Each of the concepts is a sum of sentiments ex-
pressed for all words related to itself, e.g. the sentiment for family is the sum of sentiments for all fam-
ily-related words, e.g. family, parents, siblings, mother, sister, son, etc. For the specific calculation of 
the sentiment score, we use the SenticNet 4.0 dictionary by following the approach of Taboada et. al. 
(2017). That is, apart from using word scores, we also account for intensification (e.g. “bad” vs. “very 
bad”) and negation (e.g. “good” vs. “not good”). Figure 1 describes the analysis process used in this 
paper. 
The first step in the data processing is removing spam, or in our case – posts that have been quoted in 
later replies. Then the posts are tokenized (divided into words), segmented into sentences, and tagged 
with part-of-speech information, e.g. noun, verb, adjective. We use the Stanford CoreNLP models for 
the tasks of tokenization, part-of-speech tagging, sentence segmentation, and dependency parsing. 
Namely, CoreNLP provides an English-language syntactic dependency parser based on a recurrent 
neural networks model. The dependency parser is a crucial part of this analysis, as it models the 
grammatical structure of a sentence and provides information as to relationships between different 
words (Neural Networks Dependency Parser).  
 
Relation CoreNLP Definition Example Sentence 
Adjectival modifier any adjectival phrase that serves to modify the 
meaning of a noun 
Sam eats red meat (meat, red) 
Nominal modifier nominal dependents of another noun or noun 
phrase that functionally correspond to an attrib-
ute or genitive complement 
The Chair‘s office (chair, office) 
Nominal subject a nominal which is the syntactic subject and the 
proto-agent of a clause 
The baby is cute (cute, baby) 
Open clausal comple-
ment 
predicative or clausal complement He says that you like to swim 
(like, swim) 
Table 1.  Stanford CoreNLP Dependency Relations used in this study 
The neural network models and rules are described in-depth in the paper by Chen and Manning 
(2014). In this way, for each concept and its related terms we can put together a sub-selection of rele-
vant descriptive words. The sentiment of each of the 8 concepts examined in this paper is calculated as 
the average sentiment (from SenticNet) of all descriptive words for that concept as identified by the 
dependency parser; i.e., for each concept SCi the sentiment is found by the formula  
, where n is the number of related terms to that concept, and SCj is the sentiment score of 
an SCi related term as provided by SenticNet. The syntactic relations we chose to focus on are present-
ed in the table below with their respective CoreNLP documentation definition. These relations output 
word pairs where a subject word is described or modified by another word – these relations contain the 
most relevant word pairings for the needs of sentiment scoring. 
We further focus our choice of words by taking into consideration only nouns, adjectives, and verbs 
within the above relations. This measure reduces noise by removing words in the above relations 
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which do not bear any descriptive qualities. As a result, sentiment accuracy will be improved. The 
SenticNet dictionary version 4.0 is what enables the aspect, or word-based sentiment scoring. In a nut-
shell, SenticNet is a list of 50,000 English-language words and their appropriate sentiment scores. We 
use SenticNet following the example of Wang et. al. (2013). Scores are adjusted if words are preceded 
by a negation Three of the leading English-language mental health forums were scraped to create a 
combined set of 132,072 threads containing 1,155,403 individual posts across 12 conditions (depres-
sion, bipolar disorder (BD), anxiety and panic attacks, schizophrenia, attention deficit hyperactivity 
disorder (ADHD), Asperger’s Syndrome, Borderline personality disorder (BPD), obsessive-
compulsive disorder (OCD), post-traumatic stress disorder (PTSD), self-harming, substance abuse). 
The data were extracted in August 2017 and encompass all publicly available posts on the respective 
websites. 
The forums have administrators and moderators whose task is to make sure conversations do not go 
off-topic; thus, we can be sure that in our research we are considering discussions relevant to each 
condition. Additionally, moderators remove offensive or damaging material (e.g. posts that encourage 
self-abusive behaviour). However, the role of moderators is not to provide advice, as the goal of a 
mental health forum is to be a place of discussion among the users, and not between a user and a med-
ical professional, i.e. a forum is not meant or seen as a tool to replace established medical practices 
such as therapy. 
5 Results 
In terms of conditions, bipolar disorder forum users have expressed the highest sentiment across con-
ditions (average 0.16), whereas autism forum users have the lowest average score of -0.04. The autism 
forum posts are the only ones to score an average negative sentiment, while simultaneously expressing 
the best sentiment for family and pets, while scoring meditation and spirituality the lowest. Clearly 
distinguishing family and pets as a positive presence suggests that emotional support by loved ones is 
very important for people with autism. This finding is backed by psychological research (Solomon, 
2010) as well as recommendations of leading organizations as to the benefits of pets for autistic indi-
viduals (Autism and Pets, 2014). 
 
         Concept 
 
Forum 







Therapy Medications Medical Pro-
fessionals 
Anxiety 0,086 0,077 0,184 0,098 0,225 0,075 0,123 
ADHD 0,109 0,215 -0,016 0,117 0,255 0,047 0,144 
Depression 0,074 0,090 0,179 -0,067 0,186 0,116 0,109 
Asperger's 0,082 0,102 0,150 -0,021 0,162 0,055 0,176 
OCD 0,037 0,097 0,051 0,048 0,233 0,150 0,145 
BD 0,088 0,154 0,250 0,109 0,263 0,071 0,163 
BPD 0,098 0,137 0,242 0,060 0,180 0,071 0,148 
Self-harm 0,078 0,186 0,006 0,092 0,263 0,117 0,149 
PTSD 0,062 0,030 0,063 -0,086 0,199 0,108 0,050 
Schizophrenia 0,047 0,120 0,146 0,069 0,188 0,128 0,145 
Subs. Abuse 0,064 0,320 -0,063 0,090 0,287 0,083 -0,023 
Autism 0,176 0,018 -0,355 0,149 0,0007 -0,161 -0,089 
Table 2.  Average sentiment per concept across mental health forums 
Users in the substance abuse as well as self-harm forums have distinguished sports and therapy as the 
two most positive concepts. Substance abuse posters negatively score meditation, as well as medical 
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professionals other than therapists, which again draws similarities with self-harm, where meditation is 
the worst-performing concept. 
Although all concepts score positively in the schizophrenia forums, therapy is most positively regard-
ed, while family – the least. This may indicate that dealing with loved ones with this condition is not 
undesirable, but it remains challenging. Literature on the matter considers family relationships a nec-
essary part of schizophrenia treatment, but a difficult and complex one (Motlova, 2007). Forum users 
express an extreme range of emotions regarding family – from a need for understanding and support to 
disinterest and rejection, however detailed research into the conversations is needed to extract signals 
as to ways in which a schizophrenic can better communicate with their closest ones while undergoing 
treatments. Regarding PTSD, therapy stands out as positive, while pets are the single negative concept. 
This finding contradicts a long-established practice to treat PTSD with pets such as dogs or horses 
(Altschuler, 1999). Looking more closely, the low sentiment score in our dataset is owed by the fact 
that many of the PTSD forum users report the loss or death of pets as one of several reasons that have 
triggered PTSD. 
 
Figure 2.  Sentiment Scores 
BPD forum posters talk prominently most positively regarding meditation and spirituality. Meditative 
and spiritual healing practices vary widely between conditions, with BD and BPD individuals finding 
it the most helpful, the lowest scores coming from ADHD and substance abuse forums users. Despite 
some research efforts on the subject (Perich et. al., 2013), meditation is not yet established as a posi-
tive treatment for BD, and has not been considered for BPD. BD forum users highly recommend medi-
tation to those seeking help and advice, characterizing it as “particularly helpful”, and report that med-
itation helps them in controlling the mood swings associated with the condition. BPD forums users 
report meditation to be a tool for avoiding psychotic states and dissociation. Most users report picking 
up meditation online, by using YouTube videos or mobile apps. 
In terms of concepts, pets have the lowest sentiment score across all conditions, with an average score 
of 0,05 and a negative score in 3 out of the 12 conditions. PTSD and depression forum users often 
mention the loss of pets as a condition trigger. On the other hand, many in the Asperger’s forum share 
a genuine dislike of pets. Therapy is by a wide margin the most positively talked-about concept of all 
with an average sentiment of 0,2, and a highest sentiment score in 8 out of 12 conditions. This is a tes-
tament that professional one-on-one conversations are still the best treatment for most conditions, 
however this is not a rule of thumb, as 1/3 of forum users in all conditions surveyed feel more positive 
about another treatment. Therapy does score considerably lower within autism, having a neutral score 
of almost 0.0, despite many different types of therapy for autistic individuals, including speech, senso-
ry, occupational, and cognitive-based therapy, to name a few (Blumberg et. al., 2016). This is backed 
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by the fact that about 13% of autistic individuals ever lose their diagnosis later in life, after going 
through the rigorous therapy plan (Blumberg et. al., 2016). Therefore, implementing therapy alterna-
tives such as family support, house pets, and even physical activity, may be more beneficial for people 
with autism, as suggested also by our results. Some on the autism forum report being “hurt” by certain 
types of therapy, and many say that therapy was helpful but “not too much”. 
Looking into sports and exercise, people with substance abuse, ADHD, or self-harm, stand to gain the 
most out of being physically active. For those with substance abuse this is the number one positive 
concept, and for ADHD individuals this is especially sensible, as being physically active plays into 
their hyperactivity (Lufi & Parish-Plass, 2011). There is not much in the literature as yet connecting 
substance abuse and self-harm with sports as a possible remedy for these behaviours. 
Sports and meditation are concepts that score significantly high scores in certain conditions, which 
indicates that it is worthwhile to further investigate the possibility of incorporating these practices in 
the appropriate condition therapies also from a formal and professional point of view. On the other 
hand, getting pets appears undesirable across the 12 conditions, especially for Asperger’s forum users. 
Autism users are the exception when it comes to pets, where besides family, pets are the leading posi-
tive concept. It is also important to note that medications, albeit not negatively scored, are also not 
regarded with significantly high sentiment, consistently scoring significantly lower than therapy. Med-
ications have the lowest sentiment among concepts within anxiety and BD forums, suggesting that 
these conditions gain the least advantage from using medication. Anxiety forum users report having 
mild anxiety even when using medications. An exception in this case is only the OCD forum, where 
medications are the second most positive concept. 
Furthermore, in order to reveal the similarities between scores of different conditions, we conducted a 
two-tailed Pearson correlation analysis. Anxiety is strongly correlated with BD (Pearson 0.923, 
p<0.01) and BPD (Pearson 0.771, p<0.05). These findings are supported by psychological literature, 
as anxiety has high comorbidity with both conditions (Keller, 2006) (Zanarini et. al., 1998). Further-
more, ADHD is correlated to self-harming behavior (Pearson 0.922, p<0.01) as well as substance 
abuse (Pearson 0.826, p<0.05). The link between these two conditions and ADHD has also been well-
documented (Wilens, 2004). This suggests that these conditions may gain similarly positive or nega-
tive results from the same treatments. 
It is interesting to note that self-harm and BPD – two conditions usually associated with each other 
(Chapman et al, 2005), are strongly uncorrelated in our analysis. The difference is owed to the senti-
ment expressed on meditation and spirituality. In this case this may indicate that even though self-
harm and BPD have a high comorbidity, different concepts or treatments may still elicit different re-
sponses. 
5.1 Method Evaluation 
Evaluating the accuracy of dictionary-based sentiment analysis requires evaluating the sub-tasks of as-
pect term extraction as well as aspect term sentiment evaluation. Both task results were evaluated us-
ing the standard metrics precision and recall (Salas-Zárate et. al., 2017). The system-generated aspect 
pairs and scores are checked against a subset of 2500 human-annotated pairs from the forum data. In 
the first sub-task, the goal is to make sure that aspect terms are related to and relevant for the subject 
term. In the second task, even though the SenticNet dictionary comes with word sentiment scores, it is 
necessary to check whether the aspect term scores make sense in the context of the subject term evalu-
ated as well as the forums; for example, the pair (therapy, continued) was scored with a -0,04, while in 
context it had a more positive meaning. 
The precision measure for aspect term extraction was 71.83%, and recall was 70.48%, whereas for 
sentiment scoring it was 78.12% for precision and 75.49% for recall. The lower measures regarding 
aspect term extraction as a sub-task signal that rules for extracting descriptive aspect terms specifically 
meant for a SA use must be narrowed down more precisely than those presented in our study. Never-
theless, the measures are encouraging when compared to other ABSA accuracy scores and render reli-
ability to the study results (Da Silva et. al., 2014). 
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Anxiety 1 ,157 ,625 ,618 ,473 ,923** ,771* ,240 ,568 ,716 ,027 -,380 
ADHD ,157 1 -,002 ,194 ,559 ,211 -,072 ,922** ,256 ,247 ,826* ,568 
Depression ,625 -,002 1 ,850* ,533 ,653 ,766* ,210 ,866* ,769* ,032 -,661 
Asperger's ,618 ,194 ,850* 1 ,479 ,714 ,808* ,284 ,655 ,723 -,048 -,495 
OCD ,473 ,559 ,533 ,479 1 ,382 ,160 ,823* ,756* ,799* ,449 -,145 
BD ,923** ,211 ,653 ,714 ,382 1 ,907** ,243 ,458 ,758* ,116 -,463 
BPD ,771* -,072 ,766* ,808* ,160 ,907** 1 -,043 ,430 ,657 -,124 -,658 
Self-harm ,240 ,922** ,210 ,284 ,823* ,243 -,043 1 ,499 ,498 ,802* ,330 
PTSD ,568 ,256 ,866* ,655 ,756* ,458 ,430 ,499 1 ,687 ,278 -,312 
Schizo-
phrenia 
,716 ,247 ,769* ,723 ,799* ,758* ,657 ,498 ,687 1 ,197 -,622 
Subs. 
Abuse 
,027 ,826* ,032 -,048 ,449 ,116 -,124 ,802* ,278 ,197 1 ,436 
Autism -,380 ,568 -,661 -,495 -,145 -,463 -,658 ,330 -,312 -,622 ,436 1 
Table 3.  Correlation Analysis (** Correlation is significant at the 0.01 level (2-tailed); * Cor-
relation is significant at the 0.05 level (2-tailed)) 
     
Figure 3.  Precision and Recall Formulas 
6 Conclusion 
Mental health forums are a vast data source of information that formal psychology has not yet tapped 
into. This paper shows how natural text processing of large datasets can automate and accelerate data 
collection, processing, and insight generation from millions of posts by tens of thousands of individu-
als. Being able to back up many of the findings of this study with previous findings in psychological 
literature and in a few cases also practice, demonstrates how and why text mining of large public da-
tasets is a viable and dependable tool that can bring about a veritable change in how we research men-
tal health, and how we approach the question of improving and administering therapy and treatments. 
The study singles out meditation and spirituality practices as well as sports and exercise as helpful 
practices in a variety of conditions such as BD and BPD. Although they are found to be positive by 
forum users, these practices have yet to become an established part of formal treatments. The results 
point to shortcomings of therapy in autism. As next steps the authors will take a deeper look into how 
exactly these concepts are being discussed within the forum data, in order to provide precise and de-
tailed answers as to why sentiment scores appear to be what they are in this study. We will further-
more examine user-related variables such as location, mental health expertise and similar, in order to 
better understand the progression of sentiment. Finally, since autism is the most complex condition we 
look into in this study, there is much space to conduct a separate study focused only on this condition. 
Although users express themselves positively for some concepts tested in this study, the current study 
does not measure exactly how effective users found these concepts to be in regards to their specific 
condition. More detailed linguistic analysis needs to follow in order to assess degree of effectiveness, 
as well as exact symptoms alleviated by each concept. Finally, this study raises the need to investigate 
the transfer of forum advice into the real world, specifically in terms of trust issues that may arise in an 
impersonal online environment (Benlian & Hess, 2011), as well as in terms of appropriate interface 
tools to aid users in finding the information that is pertinent to them (Benlian, 2015). 
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